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Abstract—Tensor analysis has been widely utilized in image-
related machine learning applications, which has preferable per-
formance over the vector-based approaches for its capability of 
holding the spatial structure information in some research field. 
The traditional tensor representation only includes the intensity 
values, which is sensitive to illumination variation. For this 
purpose, a weighted tensor subspace (WTS) is defined as object 
descriptor by combining the Retinex image with the original 
image. Then, an incremental learning algorithm is developed for 
WTS to adapt to the appearance change during the tracking. The 
proposed method could learn the lightness changing 
incrementally and get robust tracking performance under 
various luminance conditions. The experimental results illustrate 
the effectiveness of the proposed visual tracking Scheme. 

Keywords—visual tracking, Retinex, incremental learning, 
weighted tensor subspace, particle filter 

I. INTRODUCTION 

A long-standing task of pattern recognition and machine 
vision is to explore an effective object representation, which is 
able to describe the object in a cluttered world accurately and 
efficiently. However, due to the influence of the exoteric 
condition (e.g. illumination variation) and intrinsic factor (e.g. 
pose and expression change), the object in real world takes on 
various appearances. Consequently, object tracking is conf-
ronted with even rougher challenge, because the object in 
natural video is actually a non-stationary data and presents 
more complicated appearance change than in still image. 
Therefore, effectively modeling the object appearance plays an 
important role in tracking research. 

In recent years, many works have been done in object 
tracking based on the appearance modeling and feature 
extraction, such as, integration of shape and color [4, 6], 
background/foreground model[7], subspace-based appearance 
method [1, 2], parametric template [5], illumination invariant 
[24]. However, those algorithms usually train the appearance 
model of the tracking object in advance, and then apply the 
trained model to real tracking without accounting for the 

appearance change and adaptively updating the model during 
the tracking. Actually, the appearance often drifts far away 
from the initial one after some period of time. 

Considering the limitation of the fixed appearance model, 
the Condensation [3], support vector machine [9], kernel-based 
tracking [10], active appearance mode [8], spatial-appearance 
model [19], online-updating sparse Bayesian classifier [20], are 
proposed to deal with the problem of the appearance shift. 
Especially, the online/incremental subspace learning based 
methods [12,13,14,15,17] achieve the superior tracking perfor-
mance. However, since the above methods [1,2,5,8,12,13,14, 
15,17,20,24] take the image-as-vector formulation, the local 
spatial information of object is almost lost, which reduces the 
reliability of visual tracking. 

Consequently, more recent works model the object ap-
pearance with high-order tensors. Sun et al. [25, 26] proposed 
the dynamic and streaming tensor analysis to deal with the 
learning of dynamic/online data. Later, series of discriminant 
methods for tensor analysis and their applications in retrieval 
[27, 28], video semantic [29], gait recognition [30] were 
developed. Li and Lee [31] presented a motion saliency based 
visual tracking. Li et al. [33] employed a three-dimensional 
temporal tensor subspace learning for visual tracking. Tao et al.
[34, 35] proposed a Bayesian tensor analysis method and 
applied it to 3-D face modeling, as well as the kernelization [36] 
and probabilistic [37] version. Shao et al. [38] developed an 
appearance-based method using the three-dimensional trilinear 
tensor. It should be noticed that all those methods above have 
the following characters: 

They have the common assumption of the constancy and 
slowness in appearance variation. 
They did not deal with the effect of drastic and asym-
metric illumination on the object representation. Although 
some of them [5][23][24] make effort on the modeling the 
illumination variant, the pre-training process is inevitable 
still. 

Note that, most of the above algorithms obtain robust visual 
tracking under the well-controlled environment. In real world, 
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Fig. 2 The weighted tensor representation model

(a)

(b)
Fig.1 (a) the original image and (b) the Retinex image

the constancy does not often come into existence, while the 
inconstancy or drastic change is ubiquitous, for example, 
illumination. Thus the problem of modeling the object 
appearance under drastic change in our formulation is reduced 
to what feature/information insensitive to illumination can be 
used to construct the high-order tensors, and how to model the 
object appearance and learn the appearance change during the 
tracking.

Motivated by the high dimensional algebra [25], incre-
mental learning [15], the Retinex algorithm [23, 24] and the 
particle filter [3], a weighted tensor subspace (WTS) is defined 
by combining the Retinex algorithm with the original image, 
and an incremental learning algorithm is developed for WTS to 
adapt to the appearance change during the tracking. In contract 
to the incremental subspace learning [15], our algorithm 
extends the image-as-vector to the image-as-tensor form. At the 
same time, we build a weighted three-order tensor model by 
combining the original intensity with Retinex image, and 
assign weights to the two images firstly. The proposed tensor 
model could capture the perception of human eye on the 
luminance, and describe the brightness change during 
constructing the tensor subspace. Then by modifying the 
dynamic tensor analysis (DTA) [25, 26], we develop an incre-
mental weighted tensor subspace learning method with 
consideration of the mean and variance updating. Finally, we 
apply the proposed incremental learning in the frame of particle 
filter to track the interesting object to update/learn the 
appearance variation online. The experimental results show the 
obvious tracking performance under the condition of the drastic 
and asymmetric illumination. 

The rest of this paper is organized as follows: The details of 
the proposed incremental weighted tensor subspace learning 
algorithm are explained in section 2, where we propose the 
construction of a weighted tensor representation, and incre-
mental tensor subspace learning method. Then we present the 
proposed tracking algorithm in section 3. The experimental 
results are presented in section 4. Finally we conclude this 
paper with remarks on potential extensions for future work. 

II. WEIGHTED TENSOR SUBSPACE BASED INCREMENTAL
LEARNING

Tensor as a multilinear algebra is an effective tool to 
analyze ensembles of images resulting from the interaction of 
any number of underlying factors [32]. In this section, we first 
introduce a novel weighted tensor based object appearance, 
which is insensitive to the illumination change by considering 
the variant into the construction of the weighted tensor 
representation. Then we propose an incremental tensor 
subspace learning algorithm for the defined weighted tensor 
subspace (WTS) with the modification of mean and covariance 
updating. 

A. A weighted tensor representation 
A tensor can be regarded as a multidimensional matrix. A 

gray image can be seen as a two order tensor only including the 
intensity information. However, illumination changes can 
drastically influence the appearances of objects in the image as 
shown in Fig.1 (a). Inspired by the performance of the Retinex 
algorithm, we introduce the Retinex algorithm to compensate 
the illumination. Given an intensity image , which can 

be seen as product 

yxI ,

yxLyxRyx ,,,I , where yxR  is the 
reflectance and 

,
 is the illuminance at each location yxL , yx, .

The Retinex algorithm [21, 22] estimates the reflectance 
yxR ,

yx,
 as the ratio of the image  and its low pass version 

that serves as estimate for L . In Fig 1(b), we can see the 
brightness difference of the Retinex images according to the 
illumination condition of the first row. Therefore, it is an 
effective feature insensitive to illumination to represent object 
appearance.

yxI ,

However, the Retinex image loses the contract information, 
while obtaining the illumination compensated image. The 
simple utilization of the Retinex image is not enough to 
describe the facial appearance. It is necessary for constructing 
tensor representation to add original image, so that a weighted 
three-order tensor representation is modeled, as shown in Fig 2. 

Here we denote the proposed weighted 3-order tensor 
as 3 , each element of which is 21 NNN 2,1

,...,1,,...,1,
3

21
, In 

the tensor terminology, each dimension of a tensor is associated 
with a “mode”.  In our proposed tensor model, there are three 
modes in tensor construction: 

3 N
NyNx

N
yx

originalyx wyxI ,1
,

retinexyx wyxR ,2
,

where 1  and 2 are the row and column number of image N N
yxI , , respectively, 3N is the image number of construction 

tensor representation. Due to the Retinex image is the 
reflectance image yxR  separated from the original 
image

,
yxI , , while the transition from the original image 

yxRyxI ,,  is the process of removing the luminance 
yxL , , so the third mode is the illumination variable, simu-

lating the perception changing of human eyes. As shown in 
fig.2, the weights woriginal and wretinex for the original and the 
Retinex image are empirically selected to control the 
proportion of the two components, and the right arrow is an 
example of the mode-1 matricizing of the tensor. Thus the 
weighted tensor representation is built, and the subspace based 
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on this representation is defined as weighted tensor subspace 
(WTS). 

Fig. 4 The main flow of the proposed tracking method

B. Incremental tensor subspace learning 
Here we present an incremental tensor subspace learning 

for WTS, which modified the dynamic tensor analysis (DTA) 
[25, 26] with mean and covariance updating. In the DTA 
algorithm, data are assumed with mean removed or mean at 
zero. Unfortunately, this assumption leads to failure of tracking 
subspace variability. Particularly, the mean of the dth mode is 
updated as: 

mn
mn dd

d
'''  (3) 

where
n

i
did X

n 1

1'
m

j
djd X

m 1

1''  (4) 

Fig.3 The Incremental weighted tensor subspace learning algorithm 

where ddi i NN
diX is the mode-d matricizing of the 

tensor i . d  , d' and d'' are the total mean of the dth mode 
so far, the old mean and the mean of the new arrival data 
respectively, with forgeting factor , old data number n and 
new data number m. And the mode-d variance can be updated 
incrementally without storing the old tensor data, as follows: 

 (5) dddd ''''''2 CCCC
where

 (6) T
dddd UEUC'

m

j
ddj

T
ddjd XX

1
'' XXC , (7) 

, (8) 
dd

T
ddd nm

mn ''''''''' XXXXC

where , , and are the total variance of the dth  
mode, the old variance, the new variance and the modification 
term respectively. The pseudo code of the modified 
incremental tensor subspace learning algorithm is listed in fig.3.  

dC d'C d''C d'''C

III. ADAPTIVE TRACKING BASED ON INCREMENTAL
LEARNING

In visual tracking, the motion of object from one frame to 
the next can be modeled by a one-order Markov model with 
hidden state variables. The state variable tH  describes the 
affine motion parameters of the object at time t. Given a set of 
observations N

ttt XX ,,1X  obtained from the frame at time 
t, where N is the samples number in particle filter, we want to 
estimate the hidden state variable , . According to 
Bayesian theorem, we have, 

k
tX Nk ,...,1

1111 t
k
tttt

k
tt

k
tt dXppXpXp HHHHHH , (9) 

where
,; 11 ttttp HHHH ,  (10) 

2

1

exp
F

M

d

T
dddd

k
td

k
t

k
tt XXXp UUXXH ,(11)

where  is a Gaussian distribution of each parameters 
in modeled independently, around its counterpart in 1with 
variance

tH tH
, and 2

F
 is Frobenius norm.  is obtained by 

sampled with affine parameters warping in current frame image, 

k
tX

222222 ,,,,, sryx
 is a diagonal covariance matrix 

whose elements are the corresponding variances of 
ttttttt sryx ,,,,,H , each parameters in which denotes the 

x, y translations, the rotation angle, the scale, the aspect ratio 
and the skew direction at time t. The tracking process is 
outlined in Fig. 4. 

Input: 
New tensor data 31 ...

1
NNm

jj

The number of the new arrival tensor  m
Old projection matrices dd RN

dd
3

1U
Old energy matrices dd RR

dd
3

1E

Old data mean ddi i NN
dd
3

1'
Old number of tensor data received  n

Algorithm: 
For d=1 to 3
    Mode-d matrix j  as ddi i NN

djX , j=1,…,m

   Compute the new variance matrix d''C
   Reconstruct variance matrix T

dddd UEUC'
   Update variance dddd ''''''2 CCCC
   Decomposition  d

T
ddd CUEU

   Compute anddU dE
   Get new number of tensor data mnn

End
Output: 

New projection matrices dd RN
dd

'3
1U

New energy matrices dd RR
dd

''3
1E

New data mean ddi i NN
dd
3

1X
New number of tensor data received n
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Fig. 5 the tracking results on three nature videos. The images in the middle row of each frame are: the original mean, the Retinex mean, the tracked patch, 
the tracked patch by Retinex, the error image, the error Retinex, the reconstructed image and the reconstructed Retinex, respectively. The red cross is the 

center location of the yellow box.

IV. EXPERIMENTS

A. Experimental results 
In order to evaluate the performance of the proposed 

tracking scheme, three video sequences including a human face 
are used in the experiments. These videos are captured indoor 
under drastic illumination change. The object , i.e., face, in 
video 1 moves fast towards the camera and has a large scale 
variant, at the same time, the appearance of the object 
undergoes sharp change caused by the blur of moving camera, 
and the movement from a bright scene to a dark one. The 
motion in video 2 is gentle and the environment is dark all the 
time, with a weak light source from a lamp, so the illumination 
on the object appearance changes slowly but asymmetrically. 
In video 3, the object appearance experiences a low lightness 
variation to too dark a circumstance to hardly recognition the 
facial structure. The weight woriginal and wretinex for tensor 
representation is 0.7 and 0.3 for the intensity and Retinex 
image, respectively. The forgetting factor in incremental 
subspace learning is 0.95. The tensor subspace is updated every 
5 frames. For the particle filtering in the object tracking, the 
particle number is 400. 

As shown in Fig 5, the object appearance in the top row in 
video 1 is affected by the motion blur, scale change and 
especially the drastic illumination variation. The proposed 
tensor representation simulates the adaptivity of human visual 
perception, can hold the spatial information of the two-
dimensional appearance, and model the variant of the 
illumination on the object. In the middle row, the appearance 
undergo the asymmetric brightness in the dark room, our 
method can be still robust to the asymmetric change on the 

appearance. Similarly, the object in video 3 in the bottom row 
can be tracked under the dark condition, even the human face 
hardly recognized. 

B. Qualitative comparison 
As a qualitative bench work, we ran two approaches: the 

ISL algorithm [15] and tensor representation based incremental 
subspace learning [33]. 

The ISL algorithm [15] is proposed to incrementally 
tracking object with the image-as-vector formulation, by using 
a modified sequential Karhunen-Loeve method to construct and 
update the appearance subspace of object. 

In essence, the method in [33] is almost equivalent to two 
order tensor representation based subspace learning. The 
former one [33] takes a three dimensional tensor, which 
consists of a block of temporal frames, as a processing unit; the 
latter method operates on a block of two order tensor, so the 
two approaches are different in dimension but equally 
satisfactory in result. Both the two tensor formulation are 
calculated on the intensity. However, the operation complexity 
of the former are higher than the latter one, due to the third 
dimension need to be computed and projected when the 
reconstruction error wanted, as well as the space consumption. 
In order to know from our proposed method, this method is 
named as ITL for short. 

As shown in Fig.6 and Fig.7, each row is the tracking result 
in ISL, ITL and our proposed method, respectively, with red, 
green and yellow box located the object.  

The vector-based method fails to track the object robustly, 
which has been reported in [33]. In Fig.6 and Fig.7, the track is 
lost in around 119th frame of video 1 and 447th frame of video 3 
in the middle row. It is the same conclusion we could make for 
the advantage of tensor over vector. It is because the object in 
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Fig.6 the comparison of the tracking performance of the ISL [15], ITL [33] and the proposed method in video 1. The top, middle and bottom row is the 
tracking results by ISL, ITL and the proposed algorithm, respectively.

Fig.7 the comparison of the tracking performance of the ISL [15], ITL [33] and the proposed method in video 3. The top, middle and bottom row is the 
tracking results by ISL, ITL and the proposed algorithm, respectively.

image takes on two-dimensional information, which could be 
kept by tensor form.  

In Fig.6 and Fig.7, although the superior performance over 
the ISL, the ITL method lost the object in around 124th frame 
and 454th frame in the middle row, respectively. The main 
reason for that is the only information the ITL use is intensity, 
which tends to sensitive to the illumination variation. We could 
observe that the performance of the proposed method over the 
ITL [33], under the illumination undergo drastic and sharp 
change. It mainly owes to the construction of the weighted 
tensor representation. Our proposed weighted tensor model can 
capture the illumination variation along the third dimension, 

while this variation is similar to the process of human eyes 
apperceiving illumination change; the Retinex image embedded 
in the tensor presentation is able to neutralize the effect of the 
drastic illumination variation by the weighting the original 
image and the Retinex one; and the weights control the 
contribution of the original intensity and Retinex image in 
constructing the tensor subspace. 

It should be mentioned that the tracking efficiency for the 
proposed methods is a little slower than the others, because the 
outnumbering consumption mainly focus on the Retinex 
algorithm compared to the ITL, while the operations for tensor 
analysis are a little more time-consuming than the ISL. 
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subspace learning,” In Proc. ICCV, pp.1494-1501, 2003. 

We have proposed an illumination-invariant-oriented robust 
object tracking, which can incrementally learn the object 
structure information and illumination variant. Whereas most 
algorithms tracks on the premise that the appearance or 
ambient environment lighting condition do not change as time 
progress, but they are still sensitive to the drastic illumination, 
our method adapts the weighted tensor to model the change of 
the light reflectance on the object appearance, incrementally 
update the light variant in tensor subspace. The experiments 
show the robustness of the proposed algorithm to tracking 
object undergoes ambient lighting. 

[15] D. Ross, J. Lim, R. S. Lin and M. H. Yang, “Incremental learning for 
robust visual tracking,” Int’l Journal of Computer vision (IJCV), vol.77, 
no.1-3, pp.125-141, May 2008. 

[16] J. Li, S. K. Zhou, and R. Chellappa, “Appearance modeling under 
geometric context,” In Proc. ICCV, vol.2, pp.1252-1259, 2005 

[17] K. Lee and D. Kriegman, “Online learning of probabilistic appearance 
manifolds for video-based recognition and tracking,” In Proc. CVPR, vol. 
1, pp.852-859, 2005. 

[18] H. Lim, V. I. Morariu, O. I. Camps, and M. Sznaier1, “Dynamic 
appearance modeling for human tracking,” In Proc. CVPR, vol.1, 
pp.751-757, 2006. 

[19] T. Yu and Y.Wu, “Differential tracking based on spatial-appearance 
model (SAM),” In Proc. CVPR, vol. 1, pp.720-727, June 2006. Although our method could track object well, we have to 

point out the proposed method is a little slower than the vector-
based method, such as ISL algorithm, therefore a fast 
implementation is needed. Moreover, the weight on the tensor 
representation is empirically decided, an adaptive way is 
required.  

[20] S. Wong, K. K. Wong and R. Cipolla, “Robust appearance-based 
tracking using a sparse Bayesian classifier,” In Proc. ICPR, vol.3, pp.47-
50, 2006. 

[21] D. Jobson, Z. Rahman, G. Woodell, “Properties and performance of a 
center/surround retinex,” IEEE Trans. I , vol.6, no.3, pp.451-462, Mar. 
1997. 

[22] E. Land and J. McCann, “Lightness and retinex theory,” J. Optical 
Society of America, vol.61, no.1, pp.1-11, Jan. 1971. 

ACKNOWLEDGMENT 

This research was partially supported by National Science 
Foundation of China (60771068, 60702061, 60832005), the 
Open-End Fund of National Laboratory of Pattern Recognition 
in China and National Laboratory of Automatic Target Recog-
nition, Shenzhen University, China, and the Program for 
Changjiang Scholars and innovative Research Team in 
University of China (IRT0645). 

[23] B. Funt, F. Ciurea and J. McCann, “Retinex in Matlab,” In Proc. CIC, pp. 
112-121, 2000. 

[24] M. H. Ju, and H. G. Kang, “Illumination invariant face tracking and 
recognition,” In Proc. CVMP, pp. 26-27, Nov. 2008. 

[25] J. M. Sun, D. C. Tao, and C. Faloutsosy, “Beyond streams and graphs: 
dynamic tensor analysis,” In Proc. SIGKDD, pp. 374-383, August, 2006. 

[26] J. Sun, D. Tao,  and S. Papadimitriou et al. “Incremental tensor analysis: 
theory and applications,” ACM Trans.KDD, vol. 2, no.3, Oct. 2008. 

REFERENCES [27] D. Tao, X. Tang, X. Li, and Y. Rui, “Kernel direct biased discriminant 
analysis: a new content-based image retrieval relevance feedback 
algorithm,” IEEE Trans. MM, vol. 8, no. 4, pp. 716-727, Aug. 2006. [1] M. J. Black and A. D. Jepson, “Eigentracking: robust matching and 

tracking of articulated objects using view-based representation,” In Proc. 
ECCV, LNCS 1064, pp.329-342, Springer Verlag,1996. [28] X. Gao, X. Li, J. Feng, and D. Tao, “Shot-based video retrieval with 

optical flow tensor and HMM,” Pattern Recognition Letters, vol. 30, no. 
2, pp. 140-147, Jan. 2009. [2] M. J. Black, D. J. Fleet and Y. Yacoob, “A framework for modeling 

appearance change in image sequence,” In Proc. ICCV, pp.660-667,1998. 
[29] X. Gao, Y. Yang, D. Tao, and X. Li, “Discriminative optical flow tensor 

for video semantic analysis,” Computer Vision and Image 
Understanding, vol. 113, no. 3, pp. 372-383, Mar.2009. 

[3] M. Isard and A. Blake, “Contour tracking by stochastic propagation of 
conditional density,” In Proc. ECCV, LNCX 1064, pp.343-356, Springer 
Verlag, 1996. 

[30] D. Tao, X. Li, X. Wu, and S. J. Maybank, “General tensor discriminant 
analysis and gabor features for gait recognition,” IEEE Trans.PAMI, vol. 
29, no. 10, pp. 1700-1715, Oct. 2007. 

[4] S. Birchfield, “Elliptical head tracking using intensity gradient and color 
historgrams,” In Proc. CVPR, pp.23-237, 1998. 

[5] G. Hager and P. Belhumeur, “Real-time tracking of image regions with 
changes in geometry and illumination,” In Proc. CVPR, pp. 403-410, 
1996. 

[31] S. Li and M. C. Lee, “Fast visual tracking using motion saliency in 
video,”  In Proc. ICASSP, vol.1, pp.1073-1076, 2007. 

[32] M. A. O.Vasilescu and D. Terzopoulos, “Multilinear subspace analysis 
of Image Ensembles: TensorFaces,” In Proc. CVPR, vol.2, pp.93-99, 
June 2003.  

[6] H. Z. Wang, D. Suter, K. Schindler, and C. H. Shen, “Adaptive object 
tracking based on an effective appearance filter,” IEEE Trans. PAMI, 
vol. 29, no.9, pp. 1661-1667, 2007. 

[33] X. Li, W. M. Hu and Z. F. Zhang et. al., “Robust visual tracking based 
on incremental tensor subspace learning,” In Proc. ICCV, pp.1-8, Oct. 
2007. 

[7] M. Harville, “A framework for high-level feedback to adaptive, per-
pixel mixture of Gaussian background models,” In Proc. ECCV, LNCS 
2352, pp.531-542, Spriger Verlag, 2002. 

[34] D. Tao, M. Song, and X. Li et al., “Bayesian tensor approach for 3-D 
face modelling,” IEEE Trans.CSVT, vol. 18, no. 10, pp. 1397-1410, Oct. 
2008. 

[8] I. Matthews, T. Ishikawa, and S. Baker, “The template update problem,” 
IEEE Trans. PAMI, vol.26,no.6, pp. 810-815, 2004. 

[9] S. Avidan, “Support vector tracking,”  In Proc. CVPR, vol.1, pp.184-191, 
2001. [35] D. Tao, J. Sun, and J. Shen et al., “Bayesian tensor analysis,” In Proc. 

IJCNN, pp. 1403-1410, June 2008 
[10] D. Comaniciu, V. Ramesh and P. Meer, “Kernel-based object tracking,” 

IEEE Trans. PAMI, vol.25, no.5 pp.564-577, May, 2003. [36] D. Tao, X. Li, W. Hu, S. J. Maybank, and X. Wu, “Supervised tensor 
learning,” Knowledge and Information Systems, vol. 13, no. 1, pp. 1-42, 
April 2007. [11] S. K. Zhou, R. Chellappa, and B. Moghaddam, “Visual tracking and 

recognition using appearance-adaptive models in particle filters,” IEEE 
Trans. I , vol.13, no.11, pp.1491-1506, November 2004. [37] D. Tao, J. Sun, and J. Shen et al., “Probabilistic tensor analysis with 

Akaike and Bayesian information criteria,” In Proc. ICONIP, Part I, 
LNCS 4984, pp. 791-801, 2008. [12] J. Ho, K. Lee, M. Yang and D. Kriegman, “Visual tracking using learned 

linear subspaces ,” In Proc. CVPR, vol.1, pp.782-789, 2004. [38] J. Shao, S. H. K. Zhou and R. Chellappa, “Appearance-based tracking 
and recognition using the 3d trilinear tensor,” In Proc. ICASSP, vol.3, 
613-616, 2004. 

[13] Y. Li, L. Xu, J. Morphett and R. Jacobs, “On incremental and robust 
subspace learning,” Pattern Recognition, vol.37, no.7, pp.1509-1518, 
2004. 

3793



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


